We describe a suite of predictive models, coined FAST m C, for non-reference, 21 cost-effective exploration and comparative analysis of context-specific DNA 22 methylation levels. Accurate estimations of true DNA methylation levels can be 23 obtained from as few as several thousand short-reads generated from whole 24 genome bisulfite sequencing. These models make high-resolution time course or 25 developmental, and large diversity studies practical regardless of species, 26 genome size and availability of a reference genome. 27 28 KEYWORDS 29 Epigenetics, DNA methylation, Whole-genome bisulfite sequencing, Methylome, 30 Modeling 31 32 BACKGROUND 33 Advances in high-throughput sequencing has allowed for single-base resolution 34 analysis of DNA methylation at cytosines across an entire genome. This was first 35 applied to the model plant Arabidopsis thaliana [1],[2] and, since then, has been 36 applied to numerous species, including protists, fungi, insects, anthozoa, 37 tunicates, fish, and mammals [3]-[5]. Currently, DNA methylation is profiled 38 genome-wide by deep, whole-genome bisulfite sequencing (WGBS). The use of 39 a reference genome is essential to inform the methylation status at each 40 3 cytosine reference position, where a thymine in lieu of cytosine indicates an 41 unmethylated cystosine [6]. Thus, absence of a reference genome has 42
Here we present FAST m C, a suite of predictive models that can be used 48 to estimate genome-wide DNA methylation levels at all cytosine sequence 49 contexts without the use of a reference genome. These models assumed a 50 relationship between DNA methylation levels calculated from alignment of 51 WGBS reads to a reference genome (target; ݉ ) and from direct assessment 52 from raw WGBS reads (i.e., no alignment to a reference genome) (estimator; ‫ܨ‬ ). 53
Methylation levels are calculated as the proportion of methylated cytosines to the 54 total number of possible methylated cytosines. The difference between the two 55 variables exists at unmethylated cytosines; the estimator value includes 56 unmethylated cytosines and true thymines when calculating the DNA methylation 57 level. Estimator DNA methylation levels were compared to target levels to 58 determine a relationship, and the strength of which, to confidently 59 function but has lost CpG methylation in some regions of the genome (low loss). 81 FAST m C is able to capture the differences between these maintenance 82 methyltransferases ( Fig. 1A) . Additionally, the slight (~3%) difference between 83 MET1 +/+ and the met1 +/-mutant can be distinguished, demonstraing the 84 sensitivity of FAST m C (Fig. 1A) . 85
In mammals, epigenetic reprogramming, including CpG demethylation, is 86 required to erase DNA methylation imprints and epimutations established in the 87 previous generation [11] . Following demethylation, DNA methylation patterns are 88 re-established at imprinted loci and transposable elements (TEs) during 89 gametogenesis by the de novo methyltransferases DNMT3A and a non-catalytic 90 paralogue, DNMT3-like (DNMT3L) (reviewed by [12] ). The reductions in CpG 91 DNA methylation caused by epigenetic reprogamming in primordial germ cells 92 (PGCs) or by mutations in DNMT3L (dnmt3L) compared to somatic tissues are 93 captured by FAST m C (Fig. 1B) [13]- [15] . Additionally, increased levels of CpG 94 DNA methylation in the brain (e.g., NeuN+ and glia cells) [ FAST m C also tolerates high contamination and error rates associated with 130 sodium bisulfite conversion. We used A. thaliana met1 mutants generated by 131
[10], which show minor (~3%) to large (~14%) differences in CpG DNA 132 methyaltion compared to the wild-type A. thaliana. By artificially introducing un-133 methylated chloroplast reads to 10,000 reads to met1 and met1 +/-mutant 134 genotypes, and MET1 +/+ and A. thaliana wild-type genotypes, we were able to 135 demonstrate that a ~3% difference in DNA methylation can still be detected with 136 <10% chloroplast contamination, and a difference of 13-14% with 40-50% 137 chloroplast contamination (Suppl. The number of short reads (≥30 bp) required to make accurate 151 estimations is low, and we have determined that a few thousand reads produce 152 high-confidence estimates of genome-wide methylation levels (Suppl. Fig. 1) . 153
Hence, these models can be used to accurately, and cost-effectively, identify 154 differences of DNA methylation levels for any species regardless of the 155 availability of a reference genome assembly. 156
Non-CpG DNA methylation can also be confidently predicted within and 157 between species using FAST m C. In A. thaliana, the majority of DNA methylation 158 at CHG sites is maintained by chromomethylase CMT3 through a reinforcing loop with H3K9me2 methylation catalyzed by the KRYPTONITE (KYP)/SUVH4 160 protein [18]- [20] . Similarly to MET1, mutations in CMT3 causes reductions in 161 CHG DNA methylation [10] , which are accurately detected by FAST m C (Fig. 1C) . capture the overall trend of increasing CH methylation through brain 171 development in H. sapiens (Fig. 1E ). Furthermore, despite only small differences 172 in brain CH methylation in the intervals from 2 years to 5 years (0.068%), and 173 from 55 years to 64 years (0.062%) of age, the FAST m C model accurately 174 detected these changes ( Fig. 1E) [16] . 175 Violation of the assumptions can cause inaccuracies in estimating ‫ܨ‬ . We 244 discuss some of these vioations in the results section. In addition, we note that 245 when additional genomic short read data (≥500,000 bp) is available, the 246 frequency of the target site in the genome, e.g., the GC content and frequency of 247
CpG dinucleotides, can be directly measured. This can then be used to directly 248 calculate the proportion of target sites that are methylated, ݉ , using the 249 frequency of intact target sites, e.g., CpG, that remain in the bisulfite genome 250 data. These are sites that were methylated and thus escaped C to T conversion. 251
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Figure 2. Detection of interspecific DNA methylation levels by FAST m C.
Generalized linear models (GLMs) for estimator ‫ܨ(‬ ) versus target (݉) CpG (A-B), CHG (C), CHH (D), and CH (E) DNA methylation levels using 10,000 reads corrected for estimated GC content ‫.)(‬ Species included in each plot can be found in Suppl. Table 1 . Shaded area represents the 95% confidence interval.
